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Abstract—Personalization of serious games is an important 
factor for motivating and engaging players. It requires the 
identification of players’ profiles through the analysis of large
volume of data including game data. This research study aims at
identifying relevant data from an online serious game and the 
appropriate data mining methods for deduction of players’
profiles. Multiple linear regression is applied to analyze the 
influence of player’s characteristics on his performance.
Moreover, clustering technique is used, in particular K-means, to
extract players’ clusters and to identify their common 
characteristics. The regression models showed that the number 
of access to the game, completed quests and advantages used
contribute significantly to the scores and the gaming duration,
while the clustering revealed three forms of players’
participation: beginner, intermediate and advanced; who 
interact with the game according to their experiences.
Keywords—Data mining; Serious game; Multiple linear 
regression; Clustering; Player profile 
I. INTRODUCTION 
Several research studies have revealed the potential of
serious games (SG) as motivating and effective tools in 
education and health [1] [2]. This promising results inspired 
ideas for using them in mental health, specifically for cognitive 
stimulation, in order to complement existing therapy methods.
However, one of the issues encountered in this research is the 
unavailability of SG for specific uses in mental health. The 
creation of new games specific to each therapy context is a
long and expensive process. The adaptation of existing SG to 
predefined therapeutic goal and patient profiles could be a 
solution. Furthermore, the SG adaptation also enhances their 
usability, users’ engagement and personalized learning.
But the identification of players’ profiles is based on the 
analysis of their data (e.g., game scores, user’s profiles). 
Therefore, the collection of data and the analysis techniques 
used are critical success factors for data analysis. 
Our study examines the issue of identification the players’ 
profiles. It is part of a project on cognitive stimulation and SG 
conducted in collaboration with researchers from academia and 
serious game industry. 
The aims for this work are: (1) exploring the relationships 
between the characteristics of the players and their 
performance (scores and playing duration) in order to 
personalize the game, and (2) exploring the existence of 
players’ groups and identifying their characteristics to extract 
profiles of players. These objectives are based on the 
assumption that the characteristics of the players influence their 
performance and these relationships allow us to identify the 
players’ profiles.  
Our study contributes to a better understanding of the 
players’ flow in game world through: (1) the identification of 
relevant data and appropriate data mining methods namely: 
multiple linear regression and partitioning technique (K-
means); and (2) the description of deduced profiles and their 
behavior in the game. To our knowledge, this is the first study 
that combined the two methods together to extract player 
profiles from data of an online SG. 
The rest of paper is organized as follows. Section II reviews 
the state of the art related to serious games in education and 
health (cognitive stimulation) as well as their adaptation and 
the analysis of their data. Section III presents the proposed 
analysis approach. Section IV describes the data and the 
analysis techniques used. Section V presents the main results 
and section VI presents their interpretation. Conclusion is 
given in section VII. 
II. STATE OF THE ART REVIEW
The serious video games combine coherently, both 
“serious” aims such as teaching, learning, communication, or 
information, with entertainment [3]. According to [4], 
educational games can compete with entertainment video 
games in terms of immersion, engagement and motivation, if 
they reach balance between learning and play, while relying on 
the psychological and pedagogical theories.
Several studies demonstrate that SGs have positive effects 
on motivation and maintaining attention of players [5] [6],
learning [7] [8] [9], and stimulation of the cognitive functions 
such as visual attention [10], executive functions [2] and 
memory [11]. Also, several approaches are proposed to ensure 
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usability and acceptance of SG, and improve the effectiveness 
of training and user satisfaction. Among these approaches, we 
noticed the use of general principles of game design, attractive 
man-machine interfaces, and dynamic adaptation [12].
However, the adaptation of SG is facing several challenges 
related to the conceptualization of the player (learning ability 
and progression), the detection in real time of his commitment 
and maintaining the balance between fun and educational 
content of the game as well as the consideration of the player's 
profile, learning objectives, and non-player characters in the 
environment (e.g.characters controlled by the game to help and 
support learning) [13]. The players’ profiles are determined 
through the analysis of large volume of data from several 
sources such as players, teachers/therapists and SG data.
Particularly, the analysis of game data and the extraction of 
player profile pose difficulties because of the volume, the 
variety and the complexity of this data. To remedy these 
difficulties, we have to select the most relevant data and the 
most appropriate data mining techniques. Several research
studies show that the analysis of the players’ characteristics 
(age, gender, etc.) and data of their progression (score,
duration, electrophysiological measurements, etc.) allowed to 
define their profile sand their classification by using for 
example: decision tree and Naive Bayes [14], linear regression 
(simple or multiple) [6] [15] and clustering technique [16].
However, these results have to be strengthened by conducting 
more experiments in order to establish, in the longer term,
reliable predictive models used for the SG personalization in 
educational contexts and cognitive stimulation.
According to Anagnostou and his colleague, clustering 
techniques applied to the video games’ data may contribute to 
the identification of the parameters that affect the player's 
behavior and some aspects of its modeling [16]. However, we
have to identify the most important data (influential) for 
applying a partitioning method and deduct profiles of players. 
So this is, first, an exploratory approach that will bring us 
influential data using models based on mathematical functions 
(correlation, linear regression), and then clustering based on 
this data (descriptive method ). 
III. PROPOSED APPROACH
The approach that we propose, explores the relationships 
between the characteristics of the players and their 
performance. Also, it investigates the existence of players 
groups and defines their features. Conclusive results in this 
direction could help in determining the players’ profiles. Thus, 
we consider for analyzing game data: (1) multiple linear 
regression for revealing the influence of player’s characteristics 
on his performance; and (2) clustering technique to extract 
players’ clusters and identify their common characteristics. In 
particular, we used K-means technique which is appropriate for 
a large volume of data (linear complexity) and enables faster 
convergence and continuous improvement of obtained groups 
[17]. 
IV. DATA ANALYSIS
A. Serious game description  
The platform Game for Science1of online serious games, 
created by the company CREO, is dedicated to science, 
technology and academic success among young people (9-17
years old). It is a virtual world where players explore thematic 
islands (aeronautics, environment, genomics, health, etc.) and 
discover various contents such as games, news, photos and 
videos. They can also interact with each others using their 
avatars. By progressing in missions (quests), the player earns 
points (neurons and talents) and advantages in order to reaches 
the “Great Scientist” level (Fig. 1). In this platform, players’ 
characteristics, their performance and their interactions are 
stored in voluminous database (DB) (more than 9 million 
records: 655 MiB) that was made available for this studied.
This DB has been used to extract relevant information 
according to our research objectives.
Figure 1. Serious Game Game for Science
B. Dataset 
The DB of SG Game for Sciences stores the details of the 
players' access (Players’ game sessions from January 2009 to 
October 2013). All players’ data were anonymous. First, we 
selected the players’ data from the DB (characteristics and 
achievements) shown in Table 1. The players were between 6 
and 20 years old and were evenly distributed according to 
gender. Then, we prepared the data for the analyzing step as 
follows: 
x Digitize qualitative features (e.g. language, gender and 
Scientific interest) and compute number of visits, 
advantages, scores and sessions duration. 
x Detect and remove outliers such as sessions of game 
developers and extern players (nonregistered player 
without full access to games). 
x Detect and remove extreme values. But, if their number 
exceeds 2% of data, we subdivided the dataset into
groups to prevent the elimination of significant data. 
Therefore, we obtained mainly three groups distributed 
according to the number of visits: (1) players having 
fewer than 20 visits (G1), (2) players having between 
20 and 70 visits (G2), and (3) players having more than 
70 visits (G3).
                                                          
1http://www.gameforscience.com/
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TABLE I. PLAYERS’ FEATURES SELECTED FOR STUDY
Features
Player’s 
characteristics
Identifier, Age, Gender, Language, 
Scientific interest.
Player’s
experience
and 
performance
Number of visits, Number of quests,
Number of advantages, Number of 
neuronsa, Number of talentsb, Number of 
corticesc, Total duration of sessions.
a. Points earned by completing missions. 
b. Money of virtual world used to purchase different items.
c. Achieved levels. 
C. Linear regression and Clustering approaches 
1) Linear regression approach 
Multiple linear regression links a continuous variable Y 
(dependent variable) to several explanatory variables Xj 
(independent variables). It is defined by the following equation 
[17]:
Y = β0 + β1 X1+ β2 X2+… +βmXm+ ε 
With expectation of the error ε equal to zero: E (ε) = 0. 
Solving multiple linear regression equation consists of
determining the estimator b൭
ܾ଴
ڭ
ܾ௠
൱of vector β.
Βj is a constant that represents the rate of change of Y as a 
function of changes in Xj.
Several research works have proposed quality indicators of
linear regression models to choose the most effective ones for 
the prediction or the classification. In our study, we used the 
following indicators: 
x P-value is the probability of finding a test statistic 
(≥ or ≤) as extreme as the value measured on the 
sample if the null hypothesis (H0: β1=β2=...= 
βm=0) is true [17]. To reject the null hypothesis 
and consider the test results significant, p-value
must be less than the threshold α (typically 
α=0.05).
x F-statistic (F-stat) gives the overall significance of 
the model. The null hypothesis is rejected if its p-
value is less than α [17]. 
x Coefficient of determination (R2) is a statistical 
measure that indicates how well data fit a 
statistical model. Model fit is better when the 
coefficient of determination is close to 1 [17].
2) Clustering 
Clustering is a method of unsupervised classification. It 
consists of collecting data in a limited number of natural 
groups. Its objective is to obtain a concise representation of the 
behavior of a system from a large dataset [18]. Among 
clustering techniques, we selected K-means which is a 
grouping method based on partitioning. It consists of [17]: 
x Choosing k individuals as initial centers of the 
groups, 
x Calculating distances between each individual and 
each center and assigning the individual to the 
nearest center (k groups formed),
x Replacing k centers by the centroids of k groups 
identified in step 2, 
x Stop treatment if the centroids are sufficiently 
stable or fixed number of iterations is reached. 
Otherwise, repeat the process from step2. 
Silhouette (Si) measures the similarity of the individual 
with his own group compared with individuals from other 
groups. His value varies between -1 and 1. If most individuals 
have high values of silhouette, partitioning result is 
appropriate. But, if most people have low or negative values of 
Silhouette, partitioning result is considered inappropriate 
because of too much or too little groups [19]. 
V. PERFORMANCE ANALYSIS
A. Models of regression results 
Based on our study objectives, we selected the 
characteristics of a player and his game experience as 
independent variables (Xj), while his results (scores and 
duration of playing) as dependent variables (Y). Table 2 reports
the two kinds of variables.
TABLE II. INDEPENDENT VARIABLES AND DEPENDENT VARIABLES 
Variables
independent 
variables(Xj)
Age, Gender(Gend), Language (Lang),
Scientific interest (ScI), Number of visits
(Visit), Number of quests (Quest), Number 
of advantages(Advg).
dependent 
variables (Y)
Number of neurons (Neurons),Number of 
talents (Talents), Number of cortices
(Cortices), Total duration of sessions
(Duration).
Due to the subdivision of our dataset into groups, we have got 
subsets of different sizes (thousands, hundreds or sixty 
individuals). Therefore, we selected the dataset as follow: (1) 
Random extraction of 10 % of the sub-population when this 
one is large (several thousand) and (2) study the entire sub-
population when it is small one. We used random selection for 
large subsets in order to avoid bias in the results and to verify 
the stability of models obtained with several samples.  
Also, we calculated the correlation coefficients between the 
dependent variables and the independent variables. These 
results give us a first glimpse of the influence of Xj 
(independent variables) on Y (dependent variables). In one 
hand, we noted a significant correlation between number of 
neurons and number of quests (0.709), as well as number of 
advantages (0.755). Moreover, an important correlation existed 
between total duration of sessions and number of visits (0.712).
In the other hand, the correlation coefficients between the 
independent variables language, age, gender and scientific
interest and the dependent variables are all less than 0.2 (in 
absolute value). This possibly reflects a small influence of 
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these variables on dependent variables. The correlation results 
are summarized in Table 3.
TABLE III. COEFFICIENT OF CORRELATION BETWEEN INDEPENDENT
VARIABLES AND DEPENDENT VARIABLES
Lang Age Gend ScI Visit Quest Advg
Neurons -0,117 -0,115 0,006 -0,129 0,601 0,709 0,755
Talents -0,025 -0,03 0,021 -0,044 0,546 0,275 0,304
Cortices -0,078 -0,121 -0,043 -0,124 0,203 0,412 0,399
Duration -0,018 -0,051 0,013 -0,039 0,712 0,496 0,429
Using Matlab tool, we applied multiple linear regression 
with global modeling (all independent variables evaluated 
globally and simultaneously). For clarity and readability, we 
present in Tables 4, 5, 6 and 7 the estimated coefficients of Xj 
and their respective p-value, R2 (coefficient of determination), 
F-stat and its p-value.
1) Scores (Neurons, Talents, Cortices) 
From these results, we noticed that the p-value of the 
obtained models were all significant (<0.05). Also, the 
coefficients of determination (R2) varied according to the 
dependent variable and the sub-population: between 0.744 
(Table 4, Neurons in G3) reflecting a good fit to the model and 
0.153 (Table 6, Cortices in G1) suggesting the importance of 
the error. Table 4, table 5 and table 6 report regression results 
of variables Neurons, Talents and Cortices respectively.
After analyzing the estimated coefficients (βj) which 
represent the influence of independent variables on variation of 
dependent variable, and their p-value, we noticed that the 
variables Quest (e.g. Table 4, Neurons Models in G1 and G3,
βj: -584.7, 547.4), Advantages (e.g. Table 4, Neurons Models 
in G1 and G3, βj: 104.1, -224.1) and Visit (e.g. Table 4, 
Neurons Models in G2 and G3, βj: 36.6, 37.5) have an effect on
the players’ scores in almost all groups. The contribution of
variables Language (e.g. Table 6, Cortices Model in G2, βj:      
-1.5), Scientific interest (e.g. Table 4, Neurons Model in G1, βj:
-5.4), Gender (most of βj with pvalue > 0.05) and Age (most of 
βj with pvalue > 0.05) was less important.
TABLE IV. REGRESSION MODELS OF NEURONS 
Model of Neurons in G1a
R2= 0.559, F-stat=47.4, p-value< 0.000
Estimated coefficients
Lang Age Gend ScI Visit Quest Advg
βj -0.5 -4.2 -26.8 -5.4 4.4 -584.7 104.1
pvalue 0.9 0.2 0.2 0.000 0.1 0.001 0.000
Model of Neurons in G2b
R2= 0.454,F-stat=48.2, p-value<0.000
Estimated coefficients
βj -1951 -5.7 85.5 -59.1 36.6 321.7 18.3
pvalue 0.000 0.9 0.7 0.000 0.000 0.000 0.6
Model of Neurons in G3c
R2= 0.744, F-stat=24.9, p-value<0.000
Estimated coefficients
βj -1279.6 -28.6 9.01 76.04 37.5 547.4 -224.1
pvalue 0.4 0.8 0.9 0.2 0.000 0.000 0.02
a. Players having fewer than20 visits and fewer than1000 neurons.
b. Players having between 20 and 70 visits. 
c. Players having more than 70 visits. 
Indeed, by comparing the coefficients (βj), we noticed that 
players who visited the game fewer than 20 times (Table 4, 
Table 5 and Table 6 in G1) played fewer quests (e.g. Table 4, 
Neurons Model in G1, βj=-584.7<0) and used the advantages 
(Table 4, Neurons Model in G1, βj=104.1>0). Their cortices 
increase with the number of their visits (Table 6, Cortices 
Model in G1, βj=0.04>0). Furthermore, we found that when 
the variable language decreased from 2 for English to 1 for 
French (Table 5, Talents Model in G1, βj=-31.45<0), the 
number of talent increased. Also, girls (Gender=1) (Table 6, 
Cortices Model in G1, βj=-0.5<0) and younger players (Table 
6, Cortices Model in G1, βj=-0.07<0) reached more cortices 
(levels). 
TABLE V. REGRESSION MODELS OF TALENTS 
Model of Talents in G1a
R2=0.242, F-stat=12, p-value< 0.000
Estimated coefficients
Lang Age Gend ScI Visit Quest Advg
βj -31.45 1.8 -0.4 -2.7 -0.9 -11.9 17.2
pvalue 0.03 0.2 0.9 0.000 0.5 0.000 0.3
Model of Talents in G3b
R2=0.23,F-stat=2.44, p-value=0.03
Estimated coefficients
βj 1239.2 56.8 319.2 -109.6 7.4 -137.3 172.9
pvalue 0.4 0.6 0.6 0.03 0.2 0.1 0.1
a. Players having fewer than20 visits and fewer than500talents.
b. Players having more than 70 visits.
TABLE VI. REGRESSION MODELS OF CORTICES 
Model of Cortices in G1a
R2=0.153, F-stat=9.46, p-value< 0.000
Estimated coefficients
Lang Age Gend ScI Visit Quest Advg
βj -0.1 -0.07 -0.5 -0.002 0.04 0.08 0.07
pvalue 0.6 0.008 0.000 0.9 0.02 0.2 0.02
Model of Cortices in G2b
R2= 0.245,F-stat=19.7, p-value<0.000
Estimated coefficients
βj -1.5 0.004 -0.3 -0.05 0.03 0.4 -0.4
pvalue 0.003 0.9 0.2 0.008 0.000 0.000 0.000
Model of Cortices in G3c
R2= 0.517,F-stat=9.17, p-value<0.000
Estimated coefficients
βj 4.5 -0.2 -0.3 -0.03 -0.0002 0.4 -0.7
pvalue 0.01 0.1 0.7 0.6 0.9 0.000 0.000
a. Players having fewer than20 visits.
b. Players having between 20 and 70 visits. 
c. Players having more than 70 visits.
Also, it appears that the players who participated in the 
game between 20 and 70 times (Table 4, Table 5 and Table 6 
in G2), accumulated more points and more cortices by 
accessing more quests (Table 6, Cortices Model in G2,
βj=0.4>0) and using fewer advantages (Table 6, Cortices 
Model in G2, βj=-0.4<0). In addition, these players won more 
neurons and cortices by playing in French (Table 6, Cortices 
Model in G2, βj=-1.5<0)). On the other hand, users who played 
very often (Visits> 70, G3) participated in more quests (Table 
4, Neurons Models, βj=547.4) with fewer advantages (Table 4, 
Neurons Models, βj=-224.1<0). Among them, those who 
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played in English got more cortices (Table 6, Cortices Model 
in G3, βj=4.5>0). 
2) Duration 
In case of duration variable, the analysis of the coefficients 
(βj) tells us that players spent their time in the game 
environment by participating in quests, using advantages 
(Table 7, Duration Model in G2, βj of Quest=0.01, βj of 
Advantage=0.05) and visiting the game frequently (Table 7, 
Duration Model in G1, βj=0.01>0). Furthermore, it appears that 
girls tended to play longer than boys in reliance on the 
coefficient of Gender (Table 7, Duration Model in G3,         
βj=-0.4< 0) in the case of players with more than 70 visits 
(value of Gender: 1 for girl and 2 for boy). Table 7 reports 
regression results of variable Duration. 
TABLE VII. REGRESSION MODELS OF DURATION
Model of Duration in G1a
R2=0.211, F-stat=7.05, p-value< 0.000
Estimated coefficients
Lang Age Gend ScI Visit Quest Advg
βj -0.02 0.001 -0.02 -0.0006 0.01 0.006 -0.005
pvalue 0.3 0.5 0.1 0.6 0.000 0.007 0.06
Model of Duration in G2b
R2=0.37,F-stat=34.7, p-value<0.000
Estimated coefficients
βj 0.02 0.002 -0.02 -0.002 0.001 0.01 0.05
pvalue 0.2 0.5 0.25 0.1 0.2 0.002 0.000
Model of Duration in G3c
R2=0.584, F-stat= 11.4, p-value< 0.000
Estimated coefficients
βj -0.2 0.04 -0.4 -0.006 0.004 0.02 0.04
pvalue 0.4 0.06 0.005 0.6 0.002 0.1 0.03
a. Players having fewer than20 visits and Duration between 2h30mn and 9h30mn. 
b. Players having between 20 and 70 visits.
c. Players having more than 70 visits.
B. Clustering results 
We used the K-means technique to look for groups of 
individuals in groups (G1, G2 and G3). We selected one 
dependent variable (Neurons, Talents, Cortices or Duration) 
with two influential independents variables (p-value< 0.05) 
based on the results of regression models at each performed 
clustering. 
The analysis of the results obtained with Neurons, Talents 
and Cortices in each sub-population showed that during 
learning period of the game (Visits<20), the majority of players 
(a large cluster: Fig. 2 Cluster 2 and Fig. 3 Cluster 1) had a few 
quests, neurons and talents and therefore a few advantages and 
small number of levels achieved (Fig. 4 Cluster 3). In this case,
we noticed almost the same distribution between girls and boys 
in the three clusters (Fig.4). Therefore, there was no distinction 
between the performance of boys and girls in this group. 
Figure 2. Clustering plot and Silhouette values for Neurons, Quests,
Advantages in G1 (players having fewer than 20 visits) 
Figure 3. Clustering plot and Silhouette values for Talents, Quests,
Advantages in G1 (players having fewer than 20 visits) 
Figure 4. Clustering plot and Silhouette values for Cortices, Gender, Visits 
in G1 (players having fewer than 20 visits) 
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After this learning phase, when the number of visits is 
between 20 and 70, we noticed that players were differentiated 
by the number of quests they had achieved (2 clusters). The 
first cluster represented the players who chose to participate to 
a few quests (or the same quests each time) probably according 
to their interests or the ease of play (Fig. 5 Cluster 1). While 
the second cluster represented players who tended to play more 
quests and accumulate more gains (Fig. 5 Cluster 2). 
Figure 5. Clustering plot and Silhouette values for Neurons, Visits,   
Quests in G2 (players having between 20 and 70 visits) 
Also, we found that the advanced players chose either to 
participate to fewer quests, to use fewer advantages and to win 
more levels (Fig. 6 Cluster 1), or they preferred access to more 
quests and advantages and get fewer levels (Fig. 6 Cluster 2). 
Figure 6. Clustering plot and Silhouette values for Cortices, Quests,
Advantages in G3 (players having more than 70 visits) 
For the total duration of the sessions, we noted that during 
the learning phase, the main cluster (Fig. 7 Cluster 3) consisted 
of new players probably motivated ones as they explored 
several quests in a few visits and short time. Beyond 70 visits,
players were distinguished by numbers of their visits and 
advantages used. Also, we observed more girls (Gender = 1) in 
the first two groups (Fig. 8 Cluster 1 and Cluster 2) with longer 
duration of sessions compared to boys.
Figure 7.Clustering plot and Silhouette values for Duration, Visits,   
Quests in G1 (players having fewer than 20 visits) 
Figure 8. Clustering plot and Silhouette values for Duration, Gender, 
Advantages in G3 (players having more than 70 visits)  
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VI. DISCUSSION 
Mainly, the results of the multiple linear regression models 
showed the significant effects of number of accesses to the 
game, visited quests and used advantages on the player's scores 
and the gaming duration. While the age and gender of the 
players did not seem to differentiate their gaming experience 
except for: (1) beginners Players where girls and younger 
players reached more levels; and (2) advanced players where 
the girls played longer period of time than boys. This may be 
explained by the fact that the content and the form of the game 
were appropriate for the age and gender of the players. 
Considering the analysis of clustering results, we noticed 
three main aspects of players’ participation detailed as follows: 
x Beginners Players: having a few visits, these 
players participate in quests, accumulate scores 
and use fewer advantages. In this group, there are 
no differences in progress in the game between 
girls and boys or between players of different 
ages. 
x Intermediate Players: Those are players who 
participate to more quests of the game and earn 
more points for reaching higher levels. Some 
players choose to participate in a few quests or 
possibly the same quests according to their 
preferences or accessibility (ease) of the game. 
The other players choose to discover more quests, 
play and increase their scores.  
x Advanced players: Those are players accustomed 
to the game and they frequently visit it. In some 
cases, they choose to access more quests and use 
more advantages or they prefer playing unless 
quests and advantages, trying to reach more levels. 
Among these players, girls tend to play longer. 
The results of clustering seem to lead to obvious and 
predictable conclusions. Nevertheless, these results help to 
consolidate our approach based on partitioning of individuals 
based on influent features (deducted from the regression 
models). Indeed, this approach allowed us to find distinct 
groups of players that depend on the behavior or the actions 
performed in the game and that enable us to identify the 
players’ profiles.
VII. CONCLUSION AND FUTURE WORKS
Personalization of serious games is an important factor in 
their success and their effectiveness as a support tool for 
motivating and engaging users in areas such as education and 
health. But to achieve this, the player profile will be 
determined through the analysis of its data. 
The present study intended to identify relevant data and 
appropriate data mining methods to identify players’ profiles. 
We firstly studied the DB of SG Game for Science and 
prepared the data (elimination of outliers or extreme values).
Then, we studied the correlation between features and selected
the variables (characteristics and performance of the player) for 
analysis stage in which the multiple linear regression and 
clustering were applied. The regression models showed that the 
number of accesses to the game, the quests visited and the 
advantages used, contributed significantly to scores and 
duration of gaming. While the clustering revealed three forms
of participation of players: beginner, intermediate and 
advanced, which interacted with the game according to their 
experience. 
For future works, we suggest to experiment the game in the 
context of education or cognitive stimulation and analyze data 
from tests such as skills assessment or neuropsychological tests 
in addition with game data. Furthermore, exploring data from 
discussions texts (social dimension), duels results (competitive 
dimension), quests, activities and actions chosen by players can 
improve obtained results and enrich the players’ profiles. Also, 
reference classification provided by education (or 
neuroscience) experts will allow the validation of players’
profiles and experimenting supervised classification methods 
to construct a predictive model based on the player's profile 
and historical performance. 
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